The Infinium HumanMethylation450 BeadChip array, referred as 450K array hereinafter, has been widely adopted as an affordable technique to determine DNA methylation. Tens of thousands of data have been generated on diverse cell types and patient tissues, which have provided great insight into understanding the crucial roles of epigenetic modifications in many biological processes and diseases. The limitation of this technique is its coverage, which measures methylation levels of about 450,000 CpGs, accounting for about 1.6% of all CpGs in the human genome. In the present study we developed and compared computational models to significantly expand the coverage of Illumina 450K (~11 folds). Using the whole genome bisulfite sequencing and Illumina 450K data in the human H1 embryonic stem cell, we showed that the predicted and measured methylation levels were well correlated. Our proposed model showed superior prediction accuracies compared to the existing methods on the same dataset. When applied to predict the DNA methylome on other cells, our proposed model achieved comparable performance in cross-validations, which indicates the generalizibility of the method. Our method would thus be invaluable to maximize the usage of the existing data.
Introduction
A key epigenetic modification in vertebrates is DNA methylation that plays crucial roles in many biological activities, such as X-chromosome inactivation, the establishment and maintenance of tissue-specific gene expression profiles, chromosomal domain silencing, stem cell differentiation, embryonic development and inflammation [1, 4, [19] [20] [21] . In human somatic cells, approximately 70-80% of CpG dinucleotides undergo methylation [11] . Aberrant methylation and unmethylation are related to various diseases [2, 21] .
Deciphering the role of DNA methylation requires accurate assessment of the genome-wide DNA methylation map of different human tissues, and various experimental detection methods have been developed. The most useful and popular approaches are bisulfite sequencing, bisulfite microarrays and enrichment-based methods [9, 10, 18, 23] . Bisulfite sequencing has the most comprehensive genomic coverage, but the high sequencing depth makes it expensive. Although the costs of bisulfite microarrays and enrichment-based methods are relatively low, array-based platforms are constrained to prioritargeted regions, and enrichment-based methods have relatively low resolution and high susceptibility to experimental biases [5] .
Computational methods to predict DNA methylation have been developed, including the methods predicting methylation status of CpG loci ( [3, 25] ) and CpG islands [7, [13] [14] [15] [16] 22, 27] . DNA sequence features are the most commonly used in these models; inclusion of epigenetic features such as histone modifications could enhance the prediction performance [8, 12, 13] . Furthermore, the whole genome methylome was predicted from DNA sequence features and methylation values measured by DNA immunoprecipitation (MeDIP-seq) and methylation-sensitive restriction enzyme (MRE-seq) sequencing [24] .
A gap in predicting DNA methylome is to use Illumina HumanMethylation450 BeadChip array data (hereinafter referred as 450K array). The 450K array has been widely used in DNA methylation detection for human tissues, particularly in thousands of patient samples. Extension of the coverage of the 450K data would thus be invaluable to maximize the usage of the existing data. We presented here the first attempt to tackle this task. Based on the data of human H1 embryonic stem cells (ESC), we trained and compared three prediction models (logistic regression, random forest and support vector regression) by integrating the 450K array data and sequence features. We showed our models achieved satisfactory performance that is superior to an existing method EpiGRAPH [6] . Furthermore, we demonstrated the generality of the trained model in predicting methylome in new cell types. 
Materials and methods

DNA methylation data
For model training, we downloaded the Whole Genome Bisulfite Sequencing (WGBS) data (accession number GSM432685) of H1 ESC from the GEO database as the gold standard for DNA methylation levels (dependent variable). The methylation level of each CpG locus was represented as a methylation ratio. The corresponding 450K array data of H1 ESC were also retrieved from the GEO database (accession number GSM853420). The methylation value of each CpG locus was represented as a beta-value ranging from 0 (nonmethylated) to 1 (complete methylation).
For the model test on independent data, the WGBS and 450K array data of the H9 ESC were also downloaded from the GEO database with accession numbers of GSM706059 and GSM853421, respectively. Both the WGBS and 450K array test data were quantile normalized to the corresponding WGBS and 450K training data, respectively.
Features
The key point of our model is to integrate the existing 450K array data with sequence features as the prediction features (independent variables). For each CpG locus, we collected the 450K array data of its 1000 bp flanking regions. The average methylation value of the 450K array data was regarded as one feature. Furthermore, we considered the occurring frequency of 1-mer and 2-mer DNA base pairs (20 features), NpN ratios (N = A/C/G/T) (16 features) in the 500 bp flanking regions of a CpG. In total, 37 features were used as the input features for the model construction.
Training and prediction
In the model construction for the H1 ESC, we trained a model for each of the 24 chromosomes separately. For each of the 24 models, 3-fold cross-validation was conducted for 20 times and the averages were used to assess the model performance.
In the field of bioinformatics, logistic regression (LR), random forest (RF) and support vector regression (SVR) are three widely used machine learning algorithms, and their performance varies on different datasets. In this study, we compared their performance on predicting DNA methylation levels based on 450K array and sequence features. The three models were constructed based on the glm function, the randomForest package and the e1071 package in R.
Performance metrics
The performance of the models was evaluated using correlation coefficients (Pearson and Spearman), concordance, specificity (SP), sensitivity (SE), accuracy (ACC) and Matthews correlation coefficient (MCC).
Pearson correlation coefficient was calculated as
, where μ X and μ Y are the means of X and Y, σ X and σ Y are the standard deviations of X and Y, and X and Y represent the fitted methylation value and the real WGBS data, respectively. Spearman's correlation coefficient was calculated as:
, where n is the sample size, and the n raw methylation values X i and Y i are converted to ranks x i and y i , with d i = x i − y i . For the concordance measurement, we used the same definition as in the Stevens et al. study [24] , which is the percent of CpGs with a predicted methylation value difference of less than 0.25 with the real WGBS value.
For SE, SP, ACC and MCC, we defined the methylation status as +1 when the methylation value was larger than 0.5 and as − 1 when the methylation value was not larger than 0.5. The four metrics are defined as below:
where TN, TP, FN and FP represent the number of true-negatives, truepositives, false-negatives and false-positives, respectively. 
Results
Correlation-related measurements
We observed the correlations between WGBS data and all the 37 features, and found the 450K array feature was with the highest correlation coefficient (0.7602), indicating that 450K array data would be the most correlated feature. By using the 3-fold cross-validation test 20 times, we obtained the average performance on each chromosome. The average correlations and concordances with LR, RF and SVR are shown in Figs. 1-3 .
The performances of all three algorithms are comparable. The Pearson correlation coefficients between the predicted and measured methylation values are all about 0.85 (the Spearman correlation coefficients are approximately 0.7), and the concordance measurements are mostly larger than 80%. Overall, the predicted methylation values are highly correlated with the real WGBS data.
The prediction results showed that the RF model performs slightly better. The average Pearson correlation coefficient of the RF model is approximately 0.02 larger than LR and 0.04 larger than SVR. In the RF model, the prediction results on chromosome 18 are the best: the correlation coefficient reaches 0.91(0.82), and the concordance reaches 88%; the results on chromosome 19 are the worst: the correlation coefficient is 0.84(0.73), and the concordance is 82%.
Prediction measurements after binarization
After binary processing of the predicted methylation values with the criteria mentioned in Section 2, the SP, SE, ACC and MCC of the three models above were investigated. The box plots of the performance on the 24 chromosomes using the three prediction models are shown in Fig. 4 . From Fig. 4 , the prediction accuracies on each chromosome with the three prediction models are all approximately 0.9, and the MCCs are close to 0.8 (most MCCs in the RF model are larger than 0.8), indicating that the prediction results are precise. Similar to the correlation coefficients results, the RF model (The SP, SE, ACC and MCC are 0.94 ± 0.02, 0.87 ± 0.03, 0.91 ± 0.01 and 0.81 ± 0.02, respectively) outperforms the LR and SVR models. Therefore, the RF model was selected for the following analyses.
Furthermore, we compared the importance of all the features in the RF model by calculating the decrease of node impurity (Gini index). The box plot of the top 5 most important features among the 24 chromosomes was shown in Fig. 5 , from which we could also see the key contribution of 450K array feature in prediction.
Performance comparison
Among the developed models for DNA methylation prediction, we selected EpiGRAPH for comparison because of its popularity and availability of user-friendly web service [6] (http://epigraph.mpi-inf.mpg. de/). Using the same training and test datasets used in our model construction, we obtained all parameters from EpiGRAPH, such as chromosome organization, histone methylation features, DNA sequences, DNA structure, epigenome_and_chromatin structure, and evolutionary history. In the prediction methods setup, SVM, LR and RF were selected to predict the methylation state of the test data.
For the reason of computational cost, we implemented the crossvalidation only on the methylation data of chromosomes 18 and Y, which showed the best and worst performances in our RF model. The prediction performance on chromosome 18 for EpiGRAPH is shown in Table 1 . Generally, the SVM with RBF kernel showed better results than the other two methods in EpiGRAPH but still significantly worse than our RF model, which indicates that the feature of the 450K array data is informative in the prediction.
The prediction results for the methylation data of chromosome Y are shown in Table 2 . Similar to the results for chromosome 18, our model integrating the 450K array data and DNA sequence features outperforms the three models of EpiGRAPH.
Prediction performance in other tissues
To investigate the capacity of the model for generalization to other tissues, we predicted the methylome of H9 ESC using the 450K array data of H9 ESC and sequence features. The Pearson and Spearman correlation coefficients are shown in Fig. 6(a) , and the concordances are shown in Fig. 6(b) . Except for the chromosome X, the Pearson correlation coefficients are 0.80 ± 0.01, and the concordances are 88% ± 1%, which indicates that the prediction model trained on H1 is applicable to H9.
After the binary process of the predicted methylation values, we calculated the SE, SP, ACC and MCC of the prediction results. The results are shown in Fig. 6(c) . Similar to the correlation coefficient performance, the prediction results on H9 are comparable to the performance of the cross-validation test. Fig. 6 shows that the performance metrics, including the correlation coefficients, SE, SP, ACC and MCC, are satisfactory, which indicates that our proposed model can be applied to predict the DNA methylation levels of other tissues. The outlier with relatively poor performance in Fig. 6 is chromosome X, indicating that the methylation patterns of sex chromosome in different tissues have a larger degree of diversity. It is worth noting that H9 and H1 are female and male respectively.
The DNA sequence features are the same in different tissues, our model is generalizable because the 450K array data reflect tissue specificity. Therefore, the DNA methylome with base pair resolution in other tissues can be estimated using our proposed model as long as the 450K array data are provided.
Discussion
We have proposed a methylation level prediction model for CpG loci by integrating 450K array data and DNA sequence features. The Table 2 Performance comparisons between models from the EpiGRAPH and our model for chrY. The RF performance in our model is better than the three models from EpiGRAPH. performance evaluated based on cross-validation testing and the intertissue prediction results demonstrate the method's effectiveness. Thousands of 450K array data from various normal and diseased tissues that are publicly available in GEO and The Cancer Genome Atlas (TCGA) make our model easy to implement. For samples with only the DNA methylation landscape derived from 450K BeadChip array, our model can be used to obtain their DNA methylome with greater coverage (11 folds with our selected parameters), and has the potential to make novel discoveries when applied to the existing disease data. In this study, 450K array data are informative features for tissue specificity, and sequence features depict general sequence preference for DNA methylation status. Here, only 1-mer, 2-mer base pairs and NpN ratios (N = A/C/G/T) were used as DNA sequence features in the model construction. Some other sequence features reported to be associated with DNA methylation, such as transcription factor binding sites (TFBS), RepeatMasker annotation and evolutionary information, could be added to the input features [7, 17] . Furthermore, the combination of 450K array data, DNA sequence features, histone modification marks and chromatin states data [26] could show better performances if the corresponding histone modification data are available. However, the additional data are not always available and imputing DNA methylation levels based on 450K array alone would be invaluable to re-analyze the existing thousands of 450K array data on precious disease samples. 
